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(VOCs), total benzene, toluene, ethyl benzene, and xylene (BTEX), and particulate matter in two size fractions
(PM2.5 and PM10). The selected outliers were excluded from the measurement datasets and used to revise air
pollution models. In addition, a set of temporally-scaled air pollution models was generated using time series
measurements from community air quality monitors, with and without the selected outliers. The inﬂuence of
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56 B. O'Leary et al. / Science of the Total Environment 573 (2016) 55–65Results demonstrate that the inclusion or exclusion of outliers inﬂuences the strength of observed associations
between intraurban air quality and asthma exacerbation in both cities. The box plot, variogram cloud, and differ-
encemapmethods largely determined the ﬁnal list of outliers, due to the high degree of conformity among their
results. TheMoran's I approachwas not useful for outlier identiﬁcation in the datasets studied. Removing outliers
changed the spatial distribution of modeled concentration values and derivative exposure estimates averaged
over postal zones. Overall, associations between air pollution and acute asthma exacerbation rates were weaker
with outliers removed, but improved with the addition of temporal information. Decreases in statistically signif-
icant associations between air pollution and asthma resulted, in part, from smaller pollutant concentration
ranges used for linear regression. Nevertheless, the practice of identifying outliers through congruence among
multiple methods strengthens conﬁdence in the analysis of outlier presence and inﬂuence in environmental
datasets.
© 2016 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY license
(http://creativecommons.org/licenses/by/4.0/).Intraurban variation
Air pollution
Asthma1. Introduction
Environmental data often include anomalousmeasurements that re-
quire researchers to decide whether to include or exclude them from
study datasets and subsequent analyses. Experimental integrity may
dictate that all measurements passing QA/QC protocols be included,
even at the risk of including erroneous measurements that could lead
to inaccurate interpretations. Conversely, exclusion of unusual mea-
surements could mask important phenomena reﬂected by anomalous,
yet accurate, measurements. This problem is particularly acute for envi-
ronmental studies involving space-time series datasets with large num-
bers of measurements that increase the potential for outliers.
In response, a number of approaches have been employed to identify
outliers in spatio-temporal datasets (Dai et al., 2016; Schubert et al.,
2014). In the most generic sense, a statistical outlier deviates markedly
from other members of a sample group (Barnett and Lewis, 1994).
Clougherty et al. (2013), for instance, deﬁned outliers as air qualitymea-
surements falling more than ±3 standard deviations away from the
mean. Others have employed the Moran's I statistic to identify spatial
outliers in geomorphic changes to sand dunes after vegetation removal
(Walker et al., 2013), and to detect and eliminate spatial outliers in
urban soil lead measurements (Zhang et al., 2008) and agricultural
soil phosphorusmeasurements (Fu et al., 2016). In air pollution studies,
Kracht et al. (2013) utilized a low pass ﬁlter to identify and remove high
concentrationswhile preserving low frequencies in European air pollut-
ant time series measurements. Zou et al. (2014) employed a spatial au-
tocorrelation based cluster analysis to detect disproportionate patterns
of air pollution exposure across the continental United States. These,
and other studies (Anastasopoulos et al., 2012; Li et al., 2014; Sguera
et al., 2016; Szpiro et al., 2009; Wu et al., 2010), illustrate the need to
specify criteria for the deﬁnition of outliers in environmental datasets.
Spatio-temporal datasets inherently contain two types of informa-
tion: attribute and location. Attribute information comprises a set of
measurements associated with each point in time or space. Location in-
formation provides the associated spatial and/or temporal context of
each attribute measurement. Attribute and location information can
be assessed separately and jointly to identify potential outliers. Conse-
quently, an outlier can be considered global when its value deviates
from the entire dataset or local if its value deviates from the points im-
mediately surrounding it in time or space (Ernst andHaesbroeck, 2016).
This study evaluated alternative methods of outlier identiﬁcation in
a set of air quality measurements collected by the Geospatial Determi-
nants of Health Outcomes Consortium (GeoDHOC) in Detroit, Michigan,
USA and Windsor, Ontario, Canada in 2008 and 2009 (Miller et al.,
2010). The objective was to determine if outliers were present in the
datasets and, if so, to evaluate their impact on modeled pollution distri-
butions, and pollution-asthma associations. Multiple outlier identiﬁca-
tion techniques including boxplots, variogram clouds, difference maps,
and the Local Moran's I statistic were applied individually and in combi-
nation. This study leverages prior investigations that associated acute
asthma exacerbations with exposure estimates derived from theGeoDHOC air pollutant models in Detroit and Windsor (Lemke et al.,
2014). The inﬂuence of temporal interpolation (O'Leary and Lemke,
2014) and outlier removal were analyzed by revising prior air pollution
models to exclude outliers and reevaluating subsequent associations
with asthma exacerbations in Detroit and Windsor.
2. Methods
2.1. Project datasets
The air pollution and asthma datasets utilized in this study are de-
scribed in detail by Miller et al. (2010); O'Leary and Lemke (2014),
and Lemke et al. (2014). Brieﬂy, the GeoDHOC measured simultaneous
concentrations of nitrogen dioxide (NO2), sulfur dioxide (SO2), volatile
organic compounds (VOCs), polycyclic aromatic hydrocarbons (PAHs),
and particulate matter (PM) in three size fractions (PM1, PM1–2.5, and
PM2.5–10) during two, two-week air sampling periods between Septem-
ber 5–20, 2008 andMay 29–June 13, 2009 (Miller et al., 2010). A total of
50 active samplers measuring PM and PAHs and 100 passive samplers
measuring NO2, SO2, and VOCs were deployed in 2008 (Fig. 1). All
sites with active samplers also included collocated passive samplers.
In 2009, a nearly identical sampling plan was implemented that includ-
ed 50 active samplers and 133 passive samplers. Thirty three additional
passive samplers were added in new locations in 2009 to create a tran-
sect across a primary road in Windsor and evaluate shorter-scale varia-
tion in one neighborhood in Detroit (Fig. 1). Measurements made with
passive and active samplers had an approximate spatial density of 5 km2
per sample and 10 km2 per sample, respectively, throughout both cities.
These measurements were interpolated using ordinary kriging to gen-
erate air pollution estimates across Detroit and Windsor on a 300 by
300 meter grid (Miller et al., 2010).
O'Leary and Lemke (2014) merged the spatially detailed GeoDHOC
dataset with time series measurements of NO2, benzene, toluene, ethyl-
benzene, and xylene (BTEX), and PM recorded atﬁveMichiganAir Sam-
pling Network (MASN) stations (MDEQ, 2008, 2013) in the city of
Detroit (Fig. 1). The result was a monthly series of temporally interpo-
lated air pollution models for NO2, BTEX, PM2.5, and PM10 spanning a
three year period from 2008 to 2010.
Lemke et al. (2014) used diagnostic coding from clinical encounters
to assess asthma prevalence rates and acute asthma exacerbation for in-
dividuals 5–89 years of age living in Detroit andWindsor. Acute asthma
events included both hospital admissions and emergency department
visitswith primary diagnoses of asthma identiﬁed using the appropriate
ICD9-CM codes (493.xx) or ICD-10 code (J45). In Detroit, geocoding by
residential address was used to assign a spatial location to health out-
come event records and asthma counts within 25 zip code tabulation
areas. Windsor records were assigned to one of twelve 3-digit postal
forward sortation areas based on residential address.Within each postal
code area, asthma counts were stratiﬁed by age and gender to account
for differences in the age-gender distribution of the underlying study
population. Institutional Review Board approval for the study was
Fig. 1.Map of Detroit and Windsor GeoDHOC 2008 and 2009 sampling locations and Michigan Air Sampling Network (MASN) sampling locations.
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information was de-identiﬁed and coded to protect the identity of
individuals.2.2. Outlier detection
Potential outliers in the 2008 and 2009 GeoDHOC air pollutionmea-
surement dataset were identiﬁed using four independent methods.
Identiﬁcation methods (Fig. 2) included both quantitative (box plots
and Local Moran's I) and qualitative (variogram clouds and difference
maps) approaches that were implemented using SpaceStat 3.0
(Biomedware Inc.) and Surfer 12 (Golden Software) commercial soft-
ware packages. Air pollutant analytes examined included NO2, BTEX,
total VOCs, PM2.5, PM10, and PAHs.
A two-step process was implemented to narrow the ﬁeld of po-
tential outliers identiﬁed using each of the four methods indepen-
dently. First, potential outliers were compared and those identiﬁed
by only a single method were disregarded. Second, each remaining
potential outlier was assessed using combinations of the four
methods (Fig. 2) to determine a ﬁnal set of outliers for subsequent
analysis in this study.Fig. 2.Methods used individually and in combination to evaluate outliers.2.2.1. Identiﬁcation of potential outliers
Box plots, which provide aspatial representations of the spread of
concentration distributions, were used to identify anomalous values
among the global population of measurements for each pollutant. In
each plot, the box represented the interquartile range and whiskers de-
lineated the region occupied by ±1.5 times the interquartile range be-
yond the box boundaries. For this study, points plotting above or
below the whiskers were identiﬁed as potential outliers. Histograms
were also examined to conﬁrm that these points were located at distri-
bution extremes for each dataset.
Variogram clouds (Haslett et al., 1991), in which the dissimilarity
(square root of the absolute difference) between two measurement
locations is plotted as a function of their Euclidean distance, were
used to assess dataset spatial variability. Measurement points locat-
ed close together are expected to display more similarity than points
separated by a greater geographical distance (Isaaks and Srivastava,
1989). Consequently, pairs of points displaying high dissimilarity
over a geographically small distance were initially considered poten-
tial outliers for this study. This approach was found to be too general,
however, and was subsequently reﬁned to exclude variogram cloud
pairs that did not also include points corresponding to box plot
anomalies.
Two approaches were used to identify potential outliers based on
differences between September 2008 and June 2009 GeoDHOC mea-
surements. In the ﬁrst instance, points with measurements from both
sampling events were compared to identify large positive or negative
changes between the two sampling periods. Thesewere considered po-
tential outliers for both the 2008 and 2009 events. Althoughmost sam-
plers were deployed in the same locations in 2008 and 2009, QA/QC
protocols (Miller et al., 2010) led to the exclusion of measurements
from different locations in each sampling period. Therefore, a second
approachwas employed to incorporate information from sample points
with only one measurement (including additional locations added dur-
ing 2009 sampling).
Fig. 3. Summary of the four models used in this study.
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the September 2008 from the June 2009 ordinary krigedmodel grids for
each analyte. Positive regions on each difference map represent areas
where measured and interpolated concentrations increased between
sampling events. Earlier potential anomalies identiﬁed on the basis of
large changes between 2008 and 2009 were evident on difference
maps as ‘bullseye’ shaped isoconcentration lines centered on single
sampler locations. Other,more subtle features associatedwithmeasure-
ments available in only one year that contrasted with modeled values
interpolated from nearby measurement points in the other year, were
also considered potential anomalies. In addition, some difference
maps included anomalously high or low values adjacent to, but offset
from, individual sampling locations. These features can originate as arti-
facts from gridding or contouring algorithms when closely spaced con-
trol points have markedly different values. The resulting ‘bullseye’
constitutes a potentially inaccurate model estimate and thus the mea-
sured value at the adjacent sampling location was therefore considered
a potential outlier.
The Local Moran's I function (Anselin, 1995) assumes a normal pop-
ulation to evaluate spatial distributions with spatial randomness
representing the null hypothesis. The Jarque-Bera test was used to test
for normality (Kiefer and Salmon, 1983) by examining the GeoDHOC
dataset for each analyte in September 2008 and June 2009. If the dataset
generated a p-value ≤ 0.05, it was determined to be non-normal and,
consequently, a normal score transform was performed. Subsequently,
the Moran's I was calculated using the following equation:
Ii ¼ zi
Xn
j¼1
wi; jz j; i≠1
where I is the Moran's I coefﬁcient, z is the z score,w is a weighting pa-
rameter applied to the neighbors, i identiﬁes the sample point being
evaluated, j is an index value corresponding to each of the nearby neigh-
bors, and n is the number of neighbors (Anselin, 1995). A value of zero
indicates no spatial autocorrelation. Positive Ii values indicate that
there is either a cluster of low or high values. Negative Ii values indicate
that high and low values are clustered together.
This study used 999Monte Carlo simulations in SpaceStat to derive a
p-value for each sampler location. The point adjacency method was set
to the nearest 8 neighbors and the neighbor weight method was stan-
dardized to neighbor count, ensuring that Ii only reﬂected the immedi-
ate surrounding sampler locations and rendering the Local Moran's I an
appropriate tool for local outlier identiﬁcation. Consequently, potential
outliers were identiﬁed as sampling points with a negative Ii value
along with a p-value ≤ 0.05. These represent either sampling points
with higher values than the surrounding sampling locations (high-
low) or lower values that the surrounding sampling locations (low-
high).
2.2.2. Outlier selection
Potential outliers initially determined using each of the independent
methods described above were compared, and outliers identiﬁed by
only one of the four methods were discarded. Combinations of the
methods (Fig. 2) were subsequently used to evaluate and select outliers
from the remaining potential outliers. This approach combined quanti-
tative and qualitative measures and provided a means of selecting out-
liers for further analysis with greater conﬁdence.
Variogram clouds were used in conjunction with box plots to evalu-
ate pairs of points associated with extreme values. Potential box plot
outliers were highlighted within variogram cloud plots to identify sam-
pling points yielding pairs that fell within the region of high variability
versus minimal separation distance. This approach represents a hybrid
identiﬁcation method that combines information from both global
(box plot) and local (variogram cloud) outlier indicators.Measurements identiﬁed as potential outliers using the Local
Moran's I statistic were also evaluated in conjunction with variogram
clouds to assess agreement for local outlier identiﬁcation. Again, mea-
surement points identiﬁed as potential outliers using the Local Moran's
I were highlighted within variogram cloud plots to assess whether they
contributed to pairs falling within the region of high variability versus
minimal separation distance.
In separate analyses, locations of outlier measurements identiﬁed
with box plot analysis and Local Moran's I were annotated on the asso-
ciated difference maps using identifying symbols to facilitate compari-
sons among these methods. This approach highlighted relationships
between box plot andMoran's I outlier locations and areas of steep con-
centration gradients present on the difference maps. Unlike the com-
paratively straightforward process of recognizing outliers in regularly-
spaced time-series measurements, temporal differences in this study
were based on two widely-spaced sampling events. Difference map
anomalies arising from measurement contrasts could therefore result
from outliers in either the 2008 or 2009 dataset. In addition to examin-
ing the original 2008 and 2009 air pollution maps, evaluating the corre-
spondence between difference map anomalies and outliers identiﬁed
using alternative methods (i.e. boxplots and Moran's I) provided a use-
ful means to determine which sampling event gave rise to the potential
outliers identiﬁed on each difference map.
The ﬁnal selection of outliers entailed the development of a decision
rule that required the correspondence of outlier identiﬁcation on two or
more of the boxplot, variogram cloud, and Moran's I statistic, coupled
with recognizable anomalies on difference maps for concentrations
measured between 2008 and 2009.2.3. Air pollution model revision
Selected outliers were removed from the 2008 and 2009 GeoDHOC
datasets and revised models were generated for affected air pollutants
using ordinary kriging and temporal interpolation following procedures
outlined in Miller et al. (2010) and O'Leary and Lemke (2014), respec-
tively. In formulating new variogram models and kriging parameters,
an attemptwasmade to adhere to the parameters of the originalmodels
as closely as possible; however, changes to several parameters were
necessary. The most important modiﬁcations involved reduced
variogram ranges and sill contributions resulting from decreased vari-
ance observed when extreme outlier values were excluded. To facilitate
comparison of asthma associations, particulatemattermodels originally
mapped by Miller et al. (2010) in PM1, PM1–2.5, and PM2.5–10 size frac-
tionswere summed to the cumulative PM2.5 and PM10 size fractions reg-
ulated in the US and Canada and used by Lemke et al. (2014). These
changes are described in detail by O'Leary (2014).
Fig. 4. Box plots for each analyte in A) 2008 and B) 2009. Potential outliers fall above or below thewhisker lines. See Supplemental Table 1 for relevant plot values. Note the vertical access
on the left corresponds to NO2, BTEX, Total VOC, PM2.5, and PM10. The axis on the right side of the graph corresponds to PAH.
59B. O'Leary et al. / Science of the Total Environment 573 (2016) 55–65Air pollutionmodel revisions generated four sets of alternativemodels
(Fig. 3). Model 1 constitutes the original September 2008 and June 2009
GeoDHOC ordinary kriged models for the Detroit-Windsor Airshed. Out-
lierswere removed fromModel 1 to createModel 2. Model 3was derived
from the incorporation of Detroit MASN data by O'Leary and Lemke
(2014). It includes temporal scaling of NO2, BTEX, PM2.5 and PM10 for
12 months in 2008 and is applicable only to Detroit. Model 4 was gener-
ated from Model 2 with outliers removed. It also incorporated temporal
scaling for 12 months in 2008, and applies only to Detroit.Fig. 5. Example variogram clouds for NO2 2009. Highlighted points in each plot are associated w
were classiﬁed as potential outliers based on the variogram plots shown.2.4. Asthma associations
Associations between acute asthma events and each revised air pol-
lution model were assessed using the SpaceStat aspatial linear regres-
sion tool and compared to the Model 1 asthma associations reported
by Lemke et al. (2014). Because asthma data were aggregated at the
zip code scale in Detroit and the equivalent forward sortation area
scale in Windsor ((Lemke et al., 2014), air pollutant model concentra-
tions were averaged over each of the postal regions for this study.ith a single potential outlier identiﬁed through the boxplot method. D-P-25 andW-P-23
Table 1
Statistically signiﬁcant Local Moran's I results.
Analyte Year Site ID Concentration Units Moran's
I value
High/low p-Value
NO2 2008 D-A-10 15.1 ppb −0.20 Low-high 0.002
NO2 2008 D-P-19 15.0 ppb −0.21 Low-high b0.001
NO2 2009 W-A-4 15.5 ppb −0.10 High-low 0.048
NO2 2009 D-P-23 15.1 ppb −0.07 Low-high 0.016
NO2 2009 D-P-5A 14.5 ppb −0.28 Low-high 0.026
BTEX 2008 W-P-7 9.6 μg/m3 −0.23 High-low 0.022
BTEX 2008 D-A-34 8.6 μg/m3 −0.16 Low-high 0.024
BTEX 2008 D-P-2 7.6 μg/m3 −0.37 Low-high 0.008
BTEX 2009 W-P-2 5.6 μg/m3 −0.03 High-low 0.024
BTEX 2009 D-P-27 5.1 μg/m3 −0.15 Low-high 0.04
BTEX 2009 D-A-8 5.0 μg/m3 −0.19 Low-high 0.022
BTEX 2009 D-A-10 5.0 μg/m3 −0.26 Low-high 0.006
BTEX 2009 D-P-12 4.6 μg/m3 −0.31 Low-high 0.018
VOC 2008 D-A-34 13.5 μg/m3 −0.13 Low-high 0.004
VOC 2008 D-P-2 12.0 μg/m3 −0.38 Low-high 0.012
VOC 2008 D-P-25 12.9 μg/m3 −0.17 Low-high 0.034
VOC 2009 D-A-10 6.9 μg/m3 −0.19 Low-high 0.002
VOC 2009 D-P-12 6.7 μg/m3 −0.21 Low-high 0.012
VOC 2009 D-P-27 6.6 μg/m3 −0.25 Low-high 0.018
PM2.5 2008 W-A-4 13.4 μg/m3 −1.44 High-low 0.046
PAH 2008 D-A-15 18.3 μg/m3 −0.03 Low-high b0.001
PAH 2009 D-A-24 16.8 μg/m3 −0.61 Low-high 0.014
Fig. 6. Annotated NO2 difference maps from 2008 and 2009.
60 B. O'Leary et al. / Science of the Total Environment 573 (2016) 55–65Lemke et al. (2014) also relied upon cumulative asthma data for 2008.
Therefore, twelve individual months were averaged to create a corre-
sponding annual 2008 concentration for Model 3 and Model 4 in each
Detroit zip code tabulation area.
3. Results and discussion
The results of potential outlier identiﬁcation, ﬁnal outlier selection,
air pollution model revision, and asthma association reassessment are
described and discussed below. Individual sample sites are designated
by codes beginning with the letters ‘D’ or ‘W’ for locations in Detroit
or Windsor. Sites with a combination of active and passive samplers in-
clude the letter ‘A’ and sites with only passive samplers include the let-
ter ‘P’ followed by the station number (e.g., D-A-21 for active/passive
sampler station 21 in Detroit; orW-P-4 for passive only sampler station
4 in Windsor).
3.1. Potential outlier identiﬁcation
No single method, among the four used, emerged to deﬁnitively de-
termine outliers for each analyte. Box plots (Fig. 4) revealed 24potential
outliers that exceeded the interquartile range±1.5 times the interquar-
tile range (Supplemental Table 1). Values at or above the upper whisker
were observed at 21 sampling locations and values at or below the
lower whisker were found at 3 locations.
Similarly, the variogram cloud analysis coupledwith box plot results
(Fig. 5, Supplemental Fig. 1) identiﬁed thirteen sampling locations with
a high degree of dissimilarity over a short geographical distance that
were identiﬁed as potential outliers. All but one of these points were
sampling locations with concentrations plotting above the top whisker
in the corresponding box plot.
Sixteen potential outliers were identiﬁed using difference maps, in-
cluding sampling pointswith large concentration contrasts between the
September 2008 and June 2009 sampling periods, aswell as a number of
subtler features (Fig. 6, Supplemental Fig. 2). Twelve of these
corresponded to potential outliers indicated by box plots, but only one
was associated with samples identiﬁed as potential outliers using the
Local Moran's I statistic.
The Local Moran's I test generated 22 statistically signiﬁcant points
(p-value ≤ 0.05) that showed spatial patterns of outliers (Table 1). Of
these, 18 were classiﬁed as low-high, meaning the sampling points
had a lower concentration than the surrounding points. The remaining
four points were classiﬁed as high-low points, indicating the sampling
points had a higher concentration than the surrounding samplers. 19of the 22 potential outliers identiﬁedwith theMoran's I weremeasured
with passive air samplers.
Results from the Local Moran's I did not agree well with the other
data outlier identiﬁcation methods. With the exception of W-A-4 for
PM2.5 in 2008, potential Moran's I outliers were not identiﬁable as po-
tential outliers on variogram clouds (Fig. 7). This was surprising be-
cause, in theory, both the Local Moran's I and variogram clouds can be
used to identify local spatial outliers. With the exception of W-A-4
PM2.5 in 2008, concentration measurements at points identiﬁed using
Moran's I results fell within the boxplot interquartile range indicating
that they were not global outliers. Likewise, with the same exception,
the location of potential Moran's I outliers did not correspond to loca-
tions of potential outliers on the difference maps (Fig. 6, Supplemental
Fig. 2).
Two potential explanations for the lack of Moran's I agreement with
the other methods are its limited sample space as well as the nature of
the air pollution datasets used in this study. Unlike the other methods,
Moran's I statistic calculationswere restricted to thenearest 8 neighbors
of each point. This was expected to be a strength of the Moran's I ap-
proach because it is designed to identify local anomalies. However, the
Table 2
Summary table of potential spatial data outliers identiﬁed in the GeoDHOC 2008 and 2009
datasets. Check marks indicate sampling locations identiﬁed as potential outliers by that
method. Shading indicates sample locations ultimately determined to be an outlier. IQR
is interquartile range and mes. diff. is measured difference (June 2009–Sept. 2008).
Year Analyte Units Site ID Value 1.5 
IQR
Box plot 
location
Box 
plot
Variogram 
cloud
Difference 
map
Mes. 
diff.
2008 NO2 ppb D-A-35 25.2 22.7 Top -4.5
2008 NO2 ppb W-P-3 7.3 7.5 Bottom 7.9
2009 NO2 ppb D-P-25 27.1 23.5 Top -7.9
2009 NO2 ppb D-A-14 25.2 23.5 Top – – – 3.8
2009 NO2 ppb W-P-23 25.0 23.5 Top – -
2008 BTEX µg/m3 D-A-25 30.9 16.8 Top -19.3
2008 BTEX µg/m3 D-A-5 20.5 16.8 Top – – -8.8
2009 BTEX µg/m3 D-A-25 11.6 11.3 Top – – -19.3
2009 BTEX µg/m3 D-A-5 11.7 11.3 Top – -8.8
2009 BTEX µg/m3 D-A-33 9.8 11.3 - – – 8.8
2008 VOC µg/m3 D-A-25 46.6 26.4 Top -30.9
2008 VOC µg/m3 D-A-5 27.6 26.4 Top – – -12.1
2009 VOC µg/m3 D-A-25 15.7 15.4 Top – – -30.9
2009 VOC µg/m3 D-A-33 13.0 15.4 - – – 8.7
2008 PM2.5 µg/m3 W-A-2 3.9 5.0 Bottom – 5.7
2008 PM2.5 µg/m3 D-A-6 10.5 10.1 Top – – -0.2
2008 PM2.5 µg/m3 W-A-4 13.4 10.1 Top -5.5
2009 PM2.5 µg/m3 W-A-8 14.7 12.2 Top 7.3
2009 PM2.5 µg/m3 D-A-33 12.9 12.2 Top – 3.8
2008 PM10 µg/m3 W-A-2 5.9 7.4 Bottom – 9.9
2008 PM10 µg/m3 D-A-32 23.0 17.1 Top – -1.9
2008 PM10 µg/m3 D-A-6 22.5 17.1 Top – -3.1
2008 PM10 µg/m3 W-A-4 2.6 17.1 Top – – -8.3
2009 PM10 µg/m3 W-A-8 21.9 21.1 Top 10.3
2009 PM10 µg/m3 D-A-33 20.5 21.1 - – – 5.4
2009 PAH µg/m3 D-A-32 98.7 68.6 Top – 73.7
2009 PAH µg/m3 W-A-3 149.8 68.6 Top –
±
Fig. 7. Variogram clouds highlighting potential outliers identiﬁed using Moran's I results. W-A-4 PM2.5 2008 was identiﬁed as a potential outlier.
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measured with active samplers to 98 for passive samplers in the Sep-
tember 2008 dataset, may limit Moran's I effectiveness as a local outlier
determinant because fewer samplers results in increased physical dis-
tance between samplers. Although the number of spatially distributed
samplers employed in this study is large compared to most urban air
quality studies, other environmental applications of the Local Moran's
I used larger datasets (Li et al., 2013; Zhang et al., 2008; Zhang and
McGrath, 2004; Zou et al., 2014).
Because of the poor association of the localMoran's I resultswith the
other methods used in this study, the 21 unique points identiﬁed using
the Moran's I statistic were dropped from the list of potential outliers.
This left one sample, W-A-4 PM2,5 in 2008, with overlap between the
Moran's I and one or more of the other methods.
After omitting the 21 unique Moran's I potential outliers, 27 poten-
tial outliers remained (Table 2). Ten of these locations were identiﬁed
by only one of the three remaining outlier detection methods, and
were subsequently dropped as potential outliers. This resulted in a
‘short list’ of 17 potential outliers to be evaluated.
3.2. Outlier selection
The ﬁnal selection of outliers was based on congruence among the
identiﬁcationmethods employed, but nevertheless required judgement
because different combinations of concurrence among methods were
present (Table 2). The nine samples identiﬁed as potential outliers
using three or more of the methods were selected as outliers. Four
Table 3
Variogram model and kriging parameters for Model 2 with outliers removed.
Pollutant Year Model Nugget Relative
nugget
(%)
Sill
contribution
Range
(m)
Search
radius
(m)
NO2 2008 Exponential 0.75 9 8 15,000 10,000
NO2 2009 Spherical 1.3 11 11 16,000 10,000
BTEX 2008 Exponential 0.57 5 11 11,500 10,000
VOC 2008 Exponential 2.1 9 21 16,000 10,000
PAH 2009 Spherical 25 11 200 10,000 20,000
PM2.5 2008 Spherical 0.2 13 1.35 7,000 20,000
PM2.5 2009 Spherical 0.5 50 0.5 7,000 20,000
PM10 2008 Spherical 0.03 b1 11.7 13,000 20,000
PM10 2009 Spherical 1.5 25 4.5 10,000 20,000
Fig. 8. Comparison Model 1 and Model 2 with former outlier locations circled.
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selected. These included global outliers evident on box plots that were
also clearly identiﬁable as anomalies on the difference maps. Less obvi-
ous were four potential outliers that showed agreement between box
plot and variogram cloud, but were not recognized using difference
maps or Moran's I. These were ultimately excluded.
Among the ﬁnal group of 13 outliers selected, one or more outliers
were identiﬁed for each analyte in each year except for BTEX and
VOCs, which lacked outliers in 2009, and PAH, which lacked outliers in
2008. Two outliers were identiﬁed for NO2 and PM2.5 in 2008 and for
PAH and PM2.5 in 2009 (Table 2).
3.3. Air pollution model revisions
Model 2 was created with revised variograms and ordinary kriged
grids computed from the datasets with the outliers removed. Although
both Models 1 and 2 interpolate over a larger area than the Detroit and
Windsor municipal borders (Fig. 8), quantitative model comparisons
were restricted to grid nodes located within Detroit (including Ham-
tramck and Highland Park) and Windsor city boundaries.
Model 2 employed different variogram and kriging parameters
(Table 3) than Model 1. Model 2 sill contributions were lower for NO2,BTEX, VOCs, and PAH. As a result, ranges and standard deviations of
the interpolated distributions for NO2, BTEX, and VOCs were reduced
in Model 2 compared to Model 1 (Table 4). Conversely, standard devia-
tions increased markedly for PM10 and slightly for PM2.5 and PAHs in
Model 2 compared to Model 1. Different versions of the PM datasets
were used for Models 1 and 2 (Section 2.3), so direct comparisons be-
tween these models are not meaningful.
Table 4
Comparison of kriged model statistics for Models 1 and 2.
Year Analyte Unit Model # Mean Min Max Range STD % diff. of STD
2008 NO2 ppb Model 1 15.2 9.1 22.6 13.4 2.42 −4.2
2008 NO2 ppb Model 2 15.2 9.1 20.0 10.9 2.32
2009 NO2 ppb Model 1 15.1 8.2 23.6 15.4 3.16 −4.9
2009 NO2 ppb Model 2 14.9 8.1 22.6 14.4 3.01
2008 BTEX μg/m3 Model 1 8.8 1.9 26.4 24.5 2.96 −14.4
2008 BTEX μg/m3 Model 2 8.7 1.9 18.1 16.2 2.56
2008 VOC μg/m3 Model 1 13.7 4.1 37.0 33.0 4.12 −13.1
2008 VOC μg/m3 Model 2 13.5 4.1 23.5 19.4 3.61
2008 PM2.5 μg/m3 Model 1 7.7 5.1 10.1 5.0 0.67 −9.9
2008 PM2.5 μg/m3 Model 2 7.8 6.0 10.0 4.0 0.74
2009 PM2.5 μg/m3 Model 1 9.6 7.7 13.0 5.2 0.77 −73.1
2009 PM2.5 μg/m3 Model 2 9.2 8.3 10.3 2.0 0.36
2008 PM10 μg/m3 Model 1 12.7 8.8 19.6 10.8 1.89 22.1
2008 PM10 μg/m3 Model 2 13.1 10.0 22.9 13.0 2.36
2009 PM10 μg/m3 Model 1 15.9 12.6 19.2 6.6 1.31 21.3
2009 PM10 μg/m3 Model 2 15.6 12.5 19.9 7.4 1.62
2009 PAH μg/m3 Model 1 31.8 13.3 79.3 66.1 11.0 4.3
2009 PAH μg/m3 Model 2 28.4 10.0 65.1 55.1 11.5
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using temporal scaling for Detroit (Fig. 2). Model 4, with outliers re-
moved, exhibits reduced variability compared to Model 3 with smaller
ranges and standard deviations across Detroit for NO2, BTEX, and
PM2.5 (Table 5). The range and standard deviation of PM10 values is
greater for Model 3 versus Model 4, but differences in the construction
of PM models confounds direct comparison.
In several cases, the removal of outliers changed grid interpolation
values in areas up to 20 km from the outlier locations (Fig. 8). Although
spatial changes were expected to occur in areas of close proximity to
where outliers were removed, the degree of distance where grid nodes
were affectedwas unanticipated. These changes are attributable to a com-
bination of effects stemming from outlier removal including changes to
variogram models and recalculation of kriging weights based on the re-
vised distribution of control points. Because variograms exert a universal
impact on ordinary kriged interpolation grids while outliers have a local
impact based on the kriging search radius, observed model changes are
more likely the result of variogram revisions after outlier removal.
3.4. Asthma associations
2008 asthma associations with air pollution Models 1 and 2 were
compared for both Detroit (Table 6) and Windsor (Table 7). In Detroit,
outlier removal decreased coefﬁcient of determination (r2) values for
BTEX and VOCs. Model 2 asthma associations remained statistically sig-
niﬁcant (p-value ≤ 0.05) for BTEX but not VOCs (Table 6). Outlier re-
moval increased r2 values for NO2, PM2.5, and PM10 asthma
associations in Detroit, although they remained statistically insigniﬁ-
cant. In Windsor, asthma associations with NO2, VOCs, and PM10 were
statistically signiﬁcant for Model 1 but only the association with NO2
was signiﬁcant for Model 2 (Table 7). With the exception of PM2.5,
which was not statistically signiﬁcant, r2 values decreased in Windsor
indicating weaker correlations between asthma and air pollution with
outliers removed.Table 5
Comparison of temporally adjusted model statistics for Models 3 and 4.
Year Analyte Unit Model # Mean
2008 NO2 ppb Model 3 18.0
2008 NO2 ppb Model 4 17.9
2008 BTEX μg/m3 Model 3 8.4
2008 BTEX μg/m3 Model 4 8.3
2008 PM2.5 μg/m3 Model 3 11.2
2008 PM2.5 μg/m3 Model 4 11.0
2008 PM10 μg/m3 Model 3 16.6
2008 PM10 μg/m3 Model 4 16.22008 asthma associations with air pollution Models 3 and 4, which
include temporal scaling, were evaluated for Detroit (Table 6). NO2
and BTEX associations were statistically signiﬁcant for Models 3 and 4.
In general, the addition of temporal scaling increased the strength of
asthma associations and the exclusion of outliers had mixed results.
Temporal scaling (Model 3 vs. Model 1) improved r2 and p-values for
NO2, BTEX, and PM2.5. Removal of outliers in temporally scaled models
(Model 4 vs. Model 3) improved asthma associations for NO2 and
PM10, but decreased associations for BTEX and PM2.5.
All but oneof the statistically signiﬁcant asthmaassociations identiﬁed
(Tables 6 and 7) involved analytesmeasuredwith passive samplers (NO2,
VOCs, and BTEX) rather than analytes measured with active samplers
(PM). This suggests greater sensitivity with higher spatial sample density
andmay indicate that aminimum sample spacing of approximately 1 per
5 km2 is needed to adequatelymodel neighborhood-scale spatial variabil-
ity of the air pollutants using kriging as applied in this study. Alternatively,
incorporation of secondary information on spatial variability may help to
improve exposure classiﬁcation, particularly when integrated with tem-
poral pollutant measurements (e.g., Shmool et al., 2016).
Removing outliers decreased the range ofmodeled concentrations in
Model 2 (Table 4) andModel 4 (Table 5). In most cases, outlier removal
excluded extreme measurement values that inﬂuenced kriged model
estimates in the vicinity of outlier locations, aswell as average pollutant
concentration estimates across the postal code areas that contain them.
Thus, the decreased range may have had an adverse effect on the sensi-
tivity of statistical relationships between air pollution and asthma exac-
erbations assessed using linear regression.
3.5. Limitations
Air pollution modeling in this study was informed by a high density
spatial distribution of sample locations in the Detroit-Windsor urban
airshed. Nevertheless, the effectiveness of the Local Moran's I test for
outlier identiﬁcation may have been limited by the spatial density ofMin Max Range STD % diff. of STD
12.7 22.8 10.1 1.88 −10.1
12.9 22.9 10.0 1.70
3.9 18.8 15.0 1.70 −19.4
3.9 14.7 10.9 1.40
10.0 12.3 2.3 0.45 −19.5
10.3 12.3 1.6 0.37
14.5 21.0 6.5 1.31 27.1
13.8 22.8 9.0 1.72
Table 6
Asthma associations for Detroit. Model 1 values from Lemke et al. (2014). Statistically sig-
niﬁcant associations are bold. Models 3 and 4 did not include VOCs.
GeoDHOC Detroit
Year Analyte Model # r2 p-Value
2008 NO2 Model 1 0.03 0.40
2008 NO2 Model 2 0.04 0.32
2008 NO2 Model 3 0.16 0.05
2008 NO2 Model 4 0.19 0.03
2008 BTEX Model 1 0.28 0.01
2008 BTEX Model 2 0.18 0.03
2008 BTEX Model 3 0.32 b0.01
2008 BTEX Model 4 0.26 0.01
2008 VOC Model 1 0.26 0.01
2008 VOC Model 2 0.14 0.07
2008 PM2.5 Model 1 b0.01 0.84
2008 PM2.5 Model 2 b0.01 0.80
2008 PM2.5 Model 3 0.05 0.29
2008 PM2.5 Model 4 0.02 0.52
2008 PM10 Model 1 b0.01 N0.99
2008 PM10 Model 2 0.06 0.24
2008 PM10 Model 3 b0.01 0.79
2008 PM10 Model 4 0.04 0.36
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suredwith fewer activemonitors deployed at greater spacing. Temporal
resolution of the spatially distributedmeasurementswas limited to two,
two-week sampling periods spaced nine months apart, although
measurements were augmented by time series data recorded at MASN
community air quality monitoring stations in Detroit.
Asthma associations in this study were limited by the assignment of
air pollution exposure estimates based on modeled ambient air concen-
trations rather than personal exposure which can lead to potential error
(Koehler and Peters, 2015). Moreover, the asthma events were reported
by postal code which decreased the effective spatial resolution of the air
pollutant models from a 300 by 300 meter grid spacing to aggregate zip
code or forward sortation area scale averages. In addition, the asthma
data were aggregated on a yearly basis and did not account for temporal
variation throughout the year. Finally, the results of the correlation do not
account for differences in socioeconomic demographics or medical man-
agement of asthma (Lemke et al., 2014). Nevertheless, results demon-
strate that the identiﬁcation and exclusion of outliers from urban air
pollution datasets inﬂuences both ambient air pollution models and
their association with health outcomes aggregated at a postal code scale.
4. Conclusions
A multi-step approach was employed to identify spatio-temporal
outliers in Detroit and Windsor air pollutant concentrationTable 7
Asthma associations for Windsor. Model 1 values from Lemke et al. (2014). Statistically
signiﬁcant associations are bold.
GeoDHOC Windsor
Year Analyte Model # r2 p-Value
2008 NO2 Model 1 0.39 0.03
2008 NO2 Model 2 0.35 0.04
2008 BTEX Model 1 0.18 0.16
2008 BTEX Model 2 0.13 0.24
2008 VOC Model 1 0.34 0.05
2008 VOC Model 2 0.25 0.10
2008 PM2.5 Model 1 0.10 0.33
2008 PM2.5 Model 2 0.16 0.21
2008 PM10 Model 1 0.37 0.04
2008 PM10 Model 2 0.23 0.11measurements collected in September 2008 and June 2009. Unlike pre-
vious studies which relied upon a single method to identify outliers
(e.g., Miller, 2012) or did not explicitly assess effects of outlier removal
(e.g., Clougherty et al., 2013), this study employed multiple methods to
identify outliers and evaluated the consequences of their removal on a
health outcome.
Four alternative outlier identiﬁcation methods were evaluated. Box
plots, variogram clouds, and difference maps determined the ﬁnal set
of outliers. TheMoran's I statisticwasnot useful for outlier identiﬁcation
in the datasets studied. Conformity of results among box plots,
variogram clouds, and difference maps when applied in combination
strengthened the analysis of outlier identiﬁcation and inﬂuence. It is
therefore recommended that two or more approaches, including both
local and global methods, be employed jointly for outlier identiﬁcation
in urban air quality datasets.
Outlier removal changed local values and, in some instances, the
spatial distribution of concentrations in revised ordinary kriged air pol-
lution models. These changes are attributable to the absence of individ-
ual control points as well as the subsequent adjustment of variogram
models. Thus, outlier removal produced changes in the vicinity of mea-
surement points that were removed, and inﬂuenced global air pollution
model statistics.
Overall, associations between air pollution and asthma hospitaliza-
tionswere weakenedwith outlier removal but improvedwith the addi-
tion of temporal data. With outliers removed, modeled pollutant
concentration ranges (the independent variable used for linear regres-
sion) became smaller, and there were fewer statistically signiﬁcant as-
sociations between air pollutants and asthma. Incorporating temporal
scaling to reﬂect trends recorded by MASN time series measurements
increased the number of statistically signiﬁcant pollutant-asthma
associations.
Although the models generated by this study provide a detailed set
of alternative air pollution models in Detroit and Windsor, future stud-
ies should reassess associations with asthma and other relevant health
outcomes using better resolved spatial and temporal information to re-
duce potential exposure misclassiﬁcation. Reﬁning the spatial resolu-
tion of asthma events to the neighborhood level using residential
addresses and increasing the temporal resolution of asthma data to
monthly counts, commensurate with the air pollution model temporal
resolution, could improve asthma-pollutant associations.
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